ABSTRACT Data gathering through wireless sensor networks (WSNs) has been used for the monitoring of endangered species. However, when it comes to animals that live in difficult access environments with large areas, where human access is extremely difficult, such as in polar regions, remote monitoring by traditional methods becomes complicated and even inefficient. This paper proposes the characterization of the animal random trajectories by means of the random walk model in order to select the appropriate detection range and number of nodes to guarantee a target detection probability. The animals are detected by static gatherer sensor nodes placed on land either by mobile sensor nodes attached to the animal or by land sensor nodes that detect them through movement, sound, or temperature among other methods. Due to their natural movement, the animal may be outside or inside the sensor nodes coverage radius. In order to reduce energy consumption, it is proposed that nodes be active and inactive, effectively increasing the system lifetime. As such, an inherent compromise between energy consumption and reporting efficiency is present in the design of the network. Building on this, careful network design is required in order to calculate the probability of successful detection and system lifetime. To this end, a mathematical model based on a Markov chain is proposed and developed. The model suitability is assessed via numerical simulations. The obtained results allow concluding that their trajectories can be modeled using specific phase type distributions. Finally, instead of considering that in polar regions, it is not feasible to have a conventional WSNs, where many nodes are placed together, single nodes are placed in strategic locations isolated among them, and communication between nodes is not possible. As such, it proposes a novel and simplified model, where a single sensor is used to analyze the performance of the complete multi-sensor network.
can be deployed to provide coverage detection in a certain area [3] .
There have been several studies on WSNs over the years, however, although improvements have been proposed, there are still many challenges and technical problems to solve, which limit the performance of the WSN in specific applications. According to [4] , there are two main problems that have a high impact on the lifetime, coverage and performance of the WSNs: energy consumption and system requirements. In future years, it is expected that sensor nodes will be increasingly efficient and that their battery will last for months and even years in areas of difficult access, since changing or recharging the battery is not practical or accessible, but for now, it is necessary to solve these problems with other techniques, methods, strategies, frameworks and so on.
The infrastructure of the WSNs usually consists of sensor nodes and gatherer sensor nodes or sinks, which collect the data from the sensor nodes and can take the role of a base station at the same time, but if the base station is remote, a mobile gatherer sensor node can be used to carry the information to the base station. The most used topologies or the ways the sensor nodes can communicate between them and with the base station of the WSNs are star, tree and mesh; in our work we propose a star topology in which the base station is at the center and the sensor nodes are all around it inside the observation area. The base station is the one with the highest processing capacity of all the nodes, and can serve, among other things, as a gateway to send the data over the Internet, or some other communication systems [5] .
A common manner to collect the data is directly from the sensor nodes (SNs) towards the base station (BS) [5] [6] [7] , which is less expensive and quick to implement but with deficient energy consumption and limited coverage; another commonly used model is to collect the information by cluster routing [8] [9] [10] ; in this technique, groups of N sensor nodes are formed, called a cluster, together with a leading group sensor, which collect the information from their own sensor nodes and are the only ones that transmit to the other neighboring cluster leader nodes and if it is within reach, to the base station, and with this, we can reduce energy consumption and packet delay of SNs,while covering larger distances; but in both cases, to a greater or lesser extent, a range of extensive coverage by the BS is required. Clusterbased architectures require neighbor nodes to be placed relatively close to each other in order to allow communications among groups of nodes. In large monitoring areas, such as the ones in animal tracking in polar regions, a high number of nodes would be required to survey hundreds of squared kilometers, which entails high implementation costs. Also, in these cases, where nodes cannot directly reach the base station, nodes closer to the collecting node, deplete faster their battery, affecting both the coverage of the node and the efficiency of the WSN; this problem is known in the literature as hot-spot [5] , [11] and [12] .
We further focus our study on endangered animal species in polar regions where it is particularly difficult to deploy and operate a WSN due to the harsh environment conditions. Also, in polar regions, it is not easy to replace the node's batteries when energy is deployed since it entails costly trips that have to be carefully scheduled. Hence, the energy consumption is a major issue to consider. Recent studies about artic animal species, show that the Long-tailed Duck, has been listed as vulnerable because of an apparent severe decline detected in the wintering population in the Baltic Sea between the early 1990s and late 2000s. This rate of decline implies that the global population will undergo at least a 30% decline over three generations . The Long-tailed breeds at the northernmost parts of Europe, North America and Greenland, as well as in the Russian tundra. In Europe it winters along the Atlantic coast and in Baltic Sea. Probably the strong cold weather in recent years is the reason for the bird to move so far southward, though since 1976 Long-tailed Ducks have been observed in Bulgaria many times along the Black Sea coast, the Danube River and at some of the inland wetlands [50] . So, like many other endangered species, it is of vital importance to maintain a track of them using the most adequate technologies and techniques.
In this work we study the performance of a WSN for Longtailed Duck tracking in large surveillance polar areas. It is assumed that these birds are captured to install an electronic device, e.g. based on radio-frequency, and due to the high surveillance area, only some of these animals are found inside the sensor's coverage area. As such, sensor nodes in land can experience long periods of time without detecting an animal of interest. If nodes are actively detecting the presence of a study subject they would rapidly deplete their energy reducing the probability of successfully detecting the animals for further studies. As such, we propose an ON/OFF scheme where nodes in the active (ON) state can effectively detect an animal of interest when it is inside its coverage area. In this state, the sensor node consumes high energy levels since all the electronic systems are being used, including memory, processing, sensor devices, etc. Conversely, in the inactive (OFF) mode, nodes are in a low energy consumption mode with most electronic systems not being used, except for the minimum number of devices to correctly operate the node.
Building on this, we focus on non-clustered WSNs assuming that sensor nodes in land cannot directly communicate among them or to the sink node due to the large monitoring area. Furthermore, sensor nodes can only cover a certain area which leaves many holes uncovered (distance between adjacent cover areas of neighbor nodes) as depicted in Fig. 1 . As such the network design is based on finding the adequate coverage area of nodes, the number of sensor nodes, and the adequate active/inactive (ON/OFF) times of nodes required to track different animals as accurate as possible, considering that they cannot be surveilled 100% of the time.
It is important to note that the system performance highly depends on the specific characteristics of the tracked animal, R. Vera-Amaro et al.: Design and Analysis of WSNs for Animal Tracking in Large Monitoring Polar Regions FIGURE 1. Long-tailed duck randmon walk in A obs = 6, 000, 000m × 1, 400, 000 m with R cov = 7 Km and N = 25 sensors.
i.e., on the movement statistics of each animal. Indeed, the times that animal remain static and in movement and also the preferred direction they choose to move directly impacts the successful detection probability of the WSNs, which corresponds to the probability that the animal is found inside the coverage of a sensor node and this node is active. Hence, we believe that the system design has to consider the mobility statistics of the Long-tailed Duck. As said above, this animal are considered to be an Artic endangered species and is of great importance to monitor them, however, the proposed procedure in this work can be used as a general tool to characterize the movement of different animals than the one considered in this paper and also obtain performance metrics of animal tracking WSNs in large areas.
Thus, the main contributions of this paper are as follows:
• A statistical characterization, by means of the random walk (RW) model for the trajectories of an animal in polar regions and in danger of extinction. The procedure is based on the traces of actual trajectories taken from sensors nodes attached to the animal. However, in this work we consider the general case where animal can either have or not a tracking device. Specifically, we consider the case where sensor nodes can detect the Duck inside the coverage area of each node either due to a tracking device on the animal or other techniques such as movement, temperature, or video detection among others.
• Phase-type distributions are used to characterize the movement of the animal due to the fact that Markovian analysis can be further derived using such distributions. Specifically, we focus on hyper-exponential, Erlang and exponential distributions. We show that these distributions can accurately describe the movement of this animal by comparing the real traces to computer generated synthetic traces.
• Once having the trajectory model, it is proposed to place multiple presence sensor nodes with a coverage radius R cov in an observation area A obs , aiming at the successful animal detection.
• An ON/OFF process is proposed as means of energy consumption reduction where sensors are active and inactive random times to guarantee a target system lifetime, i.e., guarantee that the system remains operational for a required time period according to the specific needs of the surveillance team. Indeed, inactive nodes consume less energy than active nodes, but inactive nodes cannot detect the animals. As such, an inherent compromise between successful detection probability and system lifetime is present in such applications. Based on the mathematical model derived in this work, we intend to provide clear guidelines for the system parameter selection to achieve a careful balance between these two parameters.
• A simplified single sensor network is considered to calculate successful animal detection instead of the actual multiple-sensor environment. We show that such simplified model can accurately obtain the main performance metrics of the system.
• Extensive network simulation results are presented in order to validate the analytical model and main assumptions considered in this work. In a previous work from our research group [44] , it is considered a WSN for tracking moving objects. In this system, nodes that detected the object formed a cluster in order to report on its presence inside the monitoring area. As such, we considered that the density of nodes in the network is sufficiently high in such a way as to have multiple sensors report on the object simultaneously, i.e., nodes are sufficiently close to each other as to have complete information regarding the movement of the animal. However, in large monitoring areas, this would entail a highly costly network, since the number of nodes required to achieve this would be very high. For instance, in a monitoring area of 6, 000, 000m × 6, 000, 000m and a sensing range of each sensor of 5 Km, nearly 458,366 nodes would be necessary to achieve this complete monitoring. Indeed, some applications require a complete animal tracking and complete animal trajectory. For these applications, GPS sensors in each animal or a high number of nodes is required regardless of the implementation cost of the system. Conversely, we focus on applications where the complete trajectory of the animal is not required. As such, the animal research team only requires to have an approximated idea of the places and times the animals visit. As such there are zones without coverage as depicted in Fig. 1 . This information is relevant since the animal research team would have information regarding eating and mating habits of the monitored species as well as number of animals in the area among other relevant data, although not a detail trajectory of the animal. In these types of applications, such as the one that we are focusing our study on, in order to evaluate the performance of the system, it is required to know the state of each node in the system (ON or OFF) and whether the animal is inside or outside any particular node. Hence, a Markov chain with 2N variables would be required, where N is the number of nodes. For a system with 25 nodes or more, this would be a highly complex system and computationally challenging task to numerically solve it, as seen in Fig. 2 . Building on this, we propose an approximation to this system that highly reduces the complexity of the Markov chain. Given that there is a relatively high distance among nodes, we present the hypothesis that an animal entering and leaving the different nodes in the system is equivalent (in terms of times inside/outside and detection times) to the case where the animal enters and leaves a single sensor node given that the areas inside/outside sensor's coverage is equivalent. This hypothesis is confirmed by results comparing the simulation model (where multiple sensors are always considered) and analytical results. As such, the cardinality of the Markov chain does not depend on the number of nodes and it is always a two-dimensional chain for any number of nodes.
The develop of this work has the following objectives:
• Monitor the main activities of a particular endangered animal species,
• Characterize the animal random walk model based on phase-type distributions,
• Generate synthetic animal random walk trajectories in an A obs with sensors nodes placed randomly detecting the animal movement,
• Calculate the inside, outside, successful detection probabilities and the WSN consumption energy with the proposed simulation,
• Derive a mathematical model based on Markov chain and calculate the successful probability and the WSN consumption energy, This article is organized as follows: First, some related works are discussed. Then the analysis and development of the system and trajectory model of the Long-tailed Duck that are considered endangered is presented. After describing the scenario, it is proposed the case study together with the respective assumptions. We present the design and implementation of the simulation as well the validation results of the assumptions made, carried out with the random route of the Artic species chosen. Next the proposed mathematical model as well as the technique to solve it is presented and explained. After this, some numerical results of the simulation and the analytical model are presented together with the comparison for different cases. Finally, the conclusions and the main contribution of the work are provided.
II. RELATED WORK
In this section, we briefly describe some of the most relevant previously published works in to use WSNs for animal tracking purposes. In [13] and [14] , it is proposed the use of WSNs with several static sensor nodes, increasing the efficiency, but with the largest problem of planting static sink nodes in very specific locations, which should be known and close to the BS. Contrary to previous works, we focus on applications where a single node is randomly placed in order to cover a high area relatively apart from other nodes in order to reduce the number of nodes and increase the system's coverage. As such, a clustered-based system is not an option. In this approach, some parts of the surveyed area are not covered by the network, i.e., no node can detect an animal in such locations, but large areas can be monitored at low implementation costs, giving a general trajectory and behavior of the animals of interest.
Studies based on WSNs with moving gatherer sensor nodes or sinks have been made in [15] [16] [17] [18] [19] for the acquisition of data from static sensor nodes and which they follow random trajectories (such as those of animals) to be monitored and with sensors deployed on the ground for detection, but none of them develop an analysis to study the performance of the system. Indeed, the analysis derived in this work allows the network administrator to carefully select the system's parameters such as active/inactive times of the static sink nodes and number of sensor nodes required to monitor the movement of the animals under study in order to achieve an adequate system performance in terms of energy consumption and successful animal detection probability.
We assume that, once the data is gathered by static sensor nodes, it can be further retrieved with the use of Unmanned Air Vehicles (UAVs) as sink nodes with a defined flight path based on the model of the animal's movement. However, we only focus in this work on the performance of the data gathering of the WSNs and leave the use of UAVs for future research. In [18] , established mobility patterns for the mobile gatherer sensor nodes are used, but the SNs of the WSN are static, and in [20] , it is actually taken into account the mobility of zebras, which do not have sensors attached and then static gatherer sensor nodes are placed creating an imaginary grid of zones where the clusters would be formed and would generate a flight plan of the UAV as a sink node by means of a mathematical model, but unlike the presented work, they use the real traces taken from a database to establish the defined routes of the zebras, without any characterization or prediction of their respective movement.
Another problem that is common is the allocation of the sensor nodes to achieve an optimization when the cluster method is used in a WSN like in [46] , [47] . In our work, we are not taking yet this problem in account because we are focusing in the consumption energy problem and the probability of detection allocating randomly the sensors following an uniform distribution, and also, we are not taking in account the problem of how we can gather the data, letting this, for future work.
Finally some works have studied the problem of remote sensing in big coverage zones, like in [21] , that uses a team of synchronized UAVs in order to provide multiple data collection sinks, considering the cluster load balancing and the connectivity of them through the implementation of an Iterative Balanced Assignment with Integer Programming (IBA-IP) for efficient UAV deployment and sensor assignment, or for large and polar regions like in [22] and [22] , that study the potential of using drones in artic research, how to implement them, and how they fare in the relevant climates. However,we believe that the use of drones for animal monitoring in such wide areas is not aimed at long term surveillance, due to the limited battery and coverage range of drones. Conversely, the use of land sensor nodes is aimed at gathering data over long periods of time. As such, the work proposed in this paper can be considered as a complementary technology to drone deployment for animal monitoring in polar regions. 
III. SYSTEM MODEL
In this section, it is described in detail the animal tracking system operation and the main assumptions of this work. It is considered a realistic scenario where animal move with random trajectories that we characterize and approximate using phase-type distributions. The rationale behind these approximations is to generate multiple virtual trajectories, with the same (or very close) statistical behavior than the real animal, that allows us to evaluate the performance of the detection system as opposed of having only one animal trajectory (the real trace of the monitored animal). Building on this, it is assumed that animal's movement is bounded in a certain area, A obs . Observing the real traces of the Long-tailed Duck depicted in Fig. 3 , it is feasible to find this assumption to be accurate in the majority of cases.
The main goal of the WSN is to monitor the Long-tailed Duck in order to obtain different behavior information or population control or environmental effects on endangered species among others. As such, we propose the use of in-land sensor nodes with a coverage area, R cov , which is assumed to be the distance range where the animal can be detected by such nodes either with the use of special electronic devices, e.g., necklaces mounted on the animal,or by other methods, such as video, temperature, infrared or other types of sensors.
Three scenarios are proposed with N = 1, N = 13 and N = 25 nodes respectively, which will be turning ON (the node is active and effectively detecting the possible presence of the animal inside the coverage area of the node) and OFF (the sensor node is inactive in a low energy consumption mode unable to detect the animal presence). The reason for this ON/OFF process is to increase the system lifetime since in many cases the presence of the animal is expected to be sporadic. As such, the aim of this work is to provide an analytical framework to calculate the appropriate values of these ON/OFF times according to the specific movement of the animals to provide an adequate success detection probability, P suc , which corresponds to the probability that the animal is inside the coverage area and the sensor node is active. Different scenarios for the observation area are taken, A obs , from 1, 000, 000m × 1, 000, 000m to 9, 000, 000m × 9, 000, 000m approximately, since the Long-tailed Ducks, in their natural habitat, do not move beyond this area (approximately 80, 000, 000, 000, 000 m 2 ) [29] . On the other hand, coverage area, R cov of commercial nodes is in the range of 1 Km to 15 Km approximately [36]- [38] . This scenario is illustrated in Fig. 4 for twenty five nodes, where the black points represents the placement of the nodes in the coverage area, R cov is represented by the green circle, the black solid line represents the animal's trajectory and the green bars are the energy of the batteries of each sensor being draining out.
It is important to note that in order to have a costeffective surveillance system,it is not feasible to cover the whole observation area, A obs , since a high number of nodes would be required, i.e. if the A obs is about 9, 000, 000m × 9, 000, 000m and the R cov is 10 Km then it would require nearly 25,783 nodes. As such, many areas are left unmonitored, there are zones where no node has coverage to detect the animal as seen in Fig. 1 . Building on this, it is of paramount importance to study the effect of the number of nodes deployed in the area in terms of the successful animal detection probability or the effective time that animals are being detected by any node in the network.
To illustrate the general procedure, a flowchart is depicted in Fig. 5 and the Table 1 shows the most important variables used with their values and description.
A. ENERGY CONSUMPTION
In order to calculate the average system lifetime, it is used the energy consumption model provided in [45] : the nodes have an initial energy of 10 energy units (if battery lipo of 5 [V] and 2000 [mAh] and Raspberry Pi modules as nodes [48] , [49] , are used), but only, for illustrative purposes, it is assumed that the initial energy available is 1000 energy units and,
• all nodes have an initial energy of E i = 1000 energy units;
• detection of the animal inside the sensor's range consume E Det = 1 energy units;
• nodes that are active (in the ON state) but no animal is detected consume E idle = 0.5 energy units;
• nodes in the OFF mode consume E Sleep = 0.04x10 −3 energy units. The rationale behind this is as follows: it is considered that nodes in the ON mode consume much more energy than nodes in the OFF mode. Furthermore, active nodes that detect the animal consume more energy than nodes in the ON mode that do not detect the animal. This is because when a node detects the animal, additional to the operations of detection, the event has to be stored in the internal memory of the nodes to be further retrieved by the network administrator. Note that these values are directly related to the particular sensor nodes used in the system. The aforementioned values are used for illustrative purposes. As such, these values only represent a case of study in order to analyze the system's performance. Additionally, it is straightforward to produce numerical results for different energy consumption values than the ones considered in this work.
IV. TRAJECTORY MODEL
In this section, it is explained in detail the phase-type distribution approximation to the movement of each animal based on the random walk process. The trajectory model used to characterize the movement of the animal was carried out through a statistical analysis based on the random walk process. First, a statistical analysis was performed of the real traces shown in Figure 3 of the Long-tailed Duck, which were obtained from the database (BD) of Movebank.org [29] . Through the acquisition and processing of the data, the minimum distance (d min ) and maximum distance (d max ) of travel, maximum fixed time (T fix,max ) and maximum movement (T mov,max ) of travel as well the average speed (V avg ) were calculated and shown in Table 2 . In addition, the time the animal is at rest or static (T fix ), the time the animal is in movement (T mov ) and the trajectory angles (A tray ) of all the readings were calculated; these readings are the random variables (RVs) that represent, the trajectories that the Long-tailed Duck follows.
It should be noted that A tray was obtained from the relative angles β i which are calculated from the previous angles α i and with respect to the latitude or horizontal axis [30] , as shown in Figure 6 , which is an example of the model used to obtain the characterization of movement, that consists on the initial fixed distance (d fix1 ), fixed time (t fix1 ), initial coordinates (x 1 , y 1 ); then the animal moves to the next point (x 2 , y 2 ) with an initial movement time (t mov1 ), initial movement distance (d mov1 ) and initial absolute angle (α 1 ); then in coordinate (x 2 , y 2 ) the animal rests with d fix2 and t fix2 ; the next step is towards the point (x 3 , y 3 ), but now with a relative angle β 2 and with d mov2 and t mov2 . Generalizing, β i , is then defined as follows
(1) For the random walk model, it is necessary to characterize the following random variables: pause time (the time that the animal remains static after a movement), T fix ; trajectory angle (after a pause, which direction the animal moved), A tray ; and movement time (after a pause, the time that the animal moved until the following pause), T mov . To this end, the histograms of these variables for the animal are computed as depicted in Figs. 7a-7c . Ten real traces of the animal were used but for illustrative purposes, only one trace analysis is presented.
Then, from these histograms the probability density function of each of these variables is computed as seen in Figs. 8a-8c. It can be noticed that histograms were obtained with fifty bins, so the pdfs sums 1 with the fifty probability values. Following this, the mean, variance and Coefficient of Variation (CoV) of each random variable for each animal was calculated as shown in Table 3 with:
where σ X is the standard deviation and E X is the mean of the random variable X . It is then proposed the use of phase-type distributions to approximately model the random variables discussed above [34] . Specifically, for random variables with CoV > 1 it is used a hyper-exponential distribution, for random variables with CoV = 1 an exponential distribution and for random variables with CoV < 1 an Erlang distribution is used, and they are calculated by:
For the case of the hyper-exponential distribution, the parameter p is calculated by:
and λ 1 , λ 2 are proposed parameters to adjust the distributions to fit with the observed ones. For the negative exponential distribution the parameter λ 3 is calculated with:
R and finally for the Erlang distribution, parameter λ 4 is calculated as follows:
where k is an integer proposed to adjust the distribution.
It is important to mention that from the random variables we considered in this work, none is exponentially distributed, i.e., non of these variables have a CoV = 1. However, we included it in this paper for completeness purposes in case that an animal different from the considered in this work actually had a random variable with CoV = 1.
To verify the accuracy of these approximations, two wellknown goodness of fit tests such as Chi-Square (CS) [31] and Kolmogorov-Smirnov (KS) [32] were used. These statistical tests are described in Appendix A. The main advantage of using phase-type distributions to model these variables is twofold. First, the simplicity of using probability distributions based on the exponential distribution may simplify further analyses and secondly, such analyses can use Markov chains as an analytical tool. Indeed, in future works, we are considering the use of these approximations to calculate average connection times among animals, where sensors placed in the animals can transfer information among them to reduce the impact of the non-coverage zones generated by static sensors in land. However, we believe that these analyses fall outside the scope of this current paper since the focus of this work is on calculating the system lifetime of in land sensors and the probability of successfully detecting animals in such static network. Building on this, the appropriate phase-type distribution for each of the RVs: T fix , T mov and A tray is chosen and characterized.
A. LONG-TAILED DUCK
From the real traces obtained for the Long-tailed Duck, the parameters of the proposed phase-type distributions for each random variable are presented in Table 4 and the corresponding parameters were derived according to Equations (6)- (8) . Specifically, notice that, the pause time, T fix , has CoV > 1; as such, a hyper-exponential distribution is proposed the movement time, T mov , has CoV > 1 and a hyper-exponential distribution is proposed and the direction angle, A tray , has CoV < 1, so it is proposed an Erlang distribution. For the case of the Chi-square test, the level of significance of the n , where n is the number of RV samples. Figures 10a to 10c show the comparison between the hypothetical and real CDFs of each RV. We can observe that in Figures 10a to 10c , the curve in blue, is the calculation of the parameter D, that is, the difference for all the values of the RVs between the theoretical and real traces. For example, for the RV of the A tray trajectory angle it can be noted that the largest difference, D max = 0.1, lies between the angle 140 • and 150 • . According to Equation (17), the value of χ 2 was calculated and compared with the χ 2 table and the value of D max is compared to the value reported in the respective table to verify the accuracy of the hypothesis distribution. As such, the random variables can be accurately approximated as follows: T fix and T mov follow a hyper-exponential distribution, and A tray follows an Erlang distribution.
V. SIMULATION MODEL
Once the Random Walk-based animal movement has been characterized, the virtual trajectories of the Long-tailed Duck are obtained through a custom simulation tool developed in C++ language, as described in Algorithm 1. Using T fix , T mov and A tray , with phase-type distributions and their corresponding parameters described above, the values of the simulated variables corresponding to the random times that the animal is static (T fix,sim ) and moving (T mov,sim ) respectively are obtained. It is important to note that we consider that the animal is in pause, if he walks less than 5 m, that is, a static distance d fix,sim only with the aim to reduce the error of the GPS sensor because, we observe that an animal was moving less than 100 meters in a lapse time of 5 hours or more, so this is probably the error tolerance of the gps that was used. Then, the speed of each animal v, the static distance d fix,sim and the moving distance d mov,sim are calculated. Since the RVs are obtained in polar coordinates, they are changed into rectangular coordinates to obtain (x i , y i ) for each point of the simulation. The pseudocode 2 includes the subfunction that calculates the generation of the trajectories or the coordinates (x i , y i ) for the random walk simulation in which we implement the random values function generators described in [42] and the change of polar to rectangular coordinates to obtain (x i , y i ); then, the real traces can be generated by substituting the functions that generate T fix , T mov and A tray with the values of the real RVs obtained directly from the DB. As already mentioned, within the A obs , sensors are turning ON and OFF following a geometric distribution due to the nature of the distribution, because, the probability that occurs the successful event, that in our case is the ON state, depends on all of the previous trials that were occurred and also of the success probability of each of the trials. In this case, it is proposed as p geom = 0.9 [34] and the subfunction to do this, is presented in the algorithm 3. In this manner, we calculate the probabilities that the animal is outside the R cov (P out ), VOLUME 7, 2019 6: for k = 0 to M = 1, 000, 000 do 7: if event = fixedAnimal then 8: Program next event:movingAnimal, refresh list, compute T sim = T sim + T mov ; 9: if event = inSide then 10: Add event: inSide, compute T in = T in + T fixed ; 11: Compute and refresh value P k in = end if 39: end for the probability that it is inside the R cov (P in ), the probability that the sensor is ON (P ON ) and the probability that the sensor is turned OFF (P OFF ), during a total simulation time (T sim ). T OFF = T OFF + T sim 10: end if
The main performance parameter is the probability of successful detection, P suc,sim , which corresponds to the probability that the animal is inside the coverage radio of any node in the system and this sensor is active. This probability is calculated as:
The simulation is performed until the probability that the animal is outside the coverage area of any node's converge area to an error, k , defined in (10), lower than = 1 × 10 −7 , where k = 1, 2, ..., M iterations.
Now, the simulation results are validated by comparing the simulation results to the real traces of the animals. To this end, we calculate the probabilities that the animal is inside or outside the sensor's coverage area during the duration of the simulation, T sim , for different number of nodes, namely, for N = 1, N = 13 and N = 25 sensors.
A. LONG-TAILED DUCK
Figs. 11a and 11b show the probabilities that the Longtailed Duck passes in and out respectively, for A obs = 6, 000, 000m × 6, 000, 000m and different values of R cov and a single sensor placed in the center. Similarly, in Figures 12a to 13b those probabilities are shown for N = 13 and N = 25 sensors, with A obs = 6, 000, 000m × 6, 000, 000m. We can observe that both for the case of one and multiple sensors, P in and P out of the real and simulated trace remain similar.
From these results, it can be seen that the virtual traces closely match the real traces in terms of the probabilities that the studied animal are inside or outside the coverage area of any sensor in the network.
VI. MATHEMATICAL MODEL
In this section, it is described in detail the mathematical model to obtain the main performance parameter of the monitoring system. In the literature, animal tracking WSNs has been previously modeled considering the complete network by finding the detection probability by any node in the system [43] or group of nodes in a clustered architecture [44] . However, in large coverage areas, like the long-tailed Duck habitat, cluster-based architectures entail a high implementation cost to allow communication among nodes. As such, clustered-based WSNs are not cost-effective solutions for animal monitoring in large areas. As such, it is proposed a Single Sensor model that accurately captures the dynamic of the detection system. Such model is an approximation to the complete system which greatly reduces the complexity of the mathematical model. We validate the accuracy of such approach.
A. SINGLE-SENSOR MODEL
In this model, a single animal tracking system is assumed. As such, only one animal can be inside any node in a given time. We believe that this assumption is accurate since many animal studies focus on placing the monitoring device in one or few animals but not on all animals since it would greatly disturb the population and would be cost restrictive, i.e. [20] . The case of multiple animals inside different nodes falls outside the scope of this work and we leave this open research topic for future works. Also, we assume that the animal can only be inside (outside) a single sensor, which is not always the case due to the fact that in some instances, it can be inside multiple sensors simultaneously. This occurs when the coverage area of such nodes partially cover the same area. Since nodes are placed uniformly in the observation area, and considering large areas, this is a rather unlikely case but not entirely impossible.
Building on this, the single sensor model considers only the state of one node, as opposed to the state of multiple sensor nodes. Specifically, the analysis only considers the probability that the animal is inside the coverage area of a node, without considering a particular node, as if it was only one sensor in the system.
The study of the accuracy of this model is now presented. In the following results the portion of time that the Longtailed Duck spends inside or outside R cov with one and multiple sensors are shown. Specifically, it is proposed a constant A obs and a range of R cov values of 1 − 15Km.
1) LONG-TAILED DUCK
Figs. 14a and 14b show the comparison between the system with N = 1 sensor and N = 13 sensors for P in and P out average respectively and with constant A obs of 200, 000m × 200, 000m. For Figs. 14c and 14d , the comparison between 1 sensor and 25 sensors is made, but with 800, 000m × 800, 000m and 1, 400, 000m × 1, 400, 000m respectively to maintain the proportion between R cov and A obs , and the behavior is also similar for the two cases. As R cov grows, both probabilities P in and P out , follow the same trends. Notice that when the coverage radius is less than the distance between the sensors, which is approximately 10km, P in for 13 sensors is smaller than the case for 1 sensor and vice versa for the P out . When R cov are approximately 10km, that is, almost equal to the separation distances between sensors, P in for 1 and 13 sensors are very similar. Finally, when R cov is larger than the separation distance between sensors, P in for 13 sensors is larger than when there is only one sensor, and for P out the opposite. The above has a large physical and logical sense, because when R cov increases, the trajectory is more likely to be inside the R cov if there are several sensors than when it is only one. From these results, we can see that the single sensor approximation is reasonably accurate and that this single sensor scenario can still be used as an approximation on the detection of the animal.
It is now developed a mathematical model where only one sensor node is considered. Although this is an approximation of the real tracking system, it allows to have a much simpler Markov chain since there is no need to have the status of each particular node in the network, but only the status of a single node is considered. 
B. MARKOV CHAIN FOR SUCCESSFUL DETECTION
As mentioned above, in this approach, we focus only in the state of one sensor node in a given time, rather than the state of all nodes in the system. This approximation has been validated from the results presented above. As such, the animal tracking system can be modeled using a two dimensional Discrete Time Markov Chain (DTMC)with states (x, y), where x represents the state of the node, i.e., active (x = 1) or inactive (x = 0), and y accounts for the detection or not of the animal, i.e., whether the animal is inside (y = 1) or outside (y = 0) the coverage range of the node. Building from this, the valid states space is given by: { : x = 0, 1; y = 0, 1}, as shown in Fig. 15 . In order to further reduce the complexity of the system, and taking advantage of the fact that the system is described by only four possible states, we assign a single digit value for each possible state. Then:
• State 0 represents x = 0, y = 0, that is, sensor is OFF and out of R cov ;
• State 1 defines x = 0, y = 1, which means that the sensor is OFF and the animal is inside R cov ;
• State 2, represents the case x = 1, y = 0, i.e., the sensor in the ON state but the animal outside of R cov ;
• State 3, with x = 1, y = 1, is the state that represents that the sensor is ON and the animal is inside R cov . Building on this, state 3 is the state that represents a successful sensor reading. As such, probability of being in state 3 of the chain is the probability that the animal is within the area of R cov and the sensor is ON. From (12) , it can be deduced that the chain is irreducible and stochastic. To calculate the probabilities in stable state it is defined the transition matrix P defined byP =     P 00 P 01 P 02 P 03 P 10 P 11 P 12 P 13 P 20 P 21 P 22 P 23
where P i,j are the probabilities of moving from state i to state j, knowing that i, j = 0, 1, 2, 3. These probabilities are derived according to the probability that the sensor is active/inactive and the animal is inside/outside the coverage area of the node. The expressions for these transition probabilities are
where P off and P on are the probabilities that the sensor is OFF or ON respectively. We assume that nodes remain active a random time with an arbitrary distribution with mean 1/δ seconds and remain inactive a random time with arbitrary distribution with mean 1/γ seconds. As such, the probability that the node is active and inactive can be expressed respectively as: and P out and P in are the probabilities that the animal is outside ( T out ) or inside (T in ) of R cov with respect to the total observation time, T tot , as described in (15) and (16) . From this description, the conditional probability that a node in state ON goes to state OFF, P ON →OFF , is simply the probability that in a given time interval, the node is in the OFF state. As such, P ON →OFF = P OFF . Similarly, P OFF→ON = P ON . The outside and inside time of R cov are obtained from the virtual trajectories generated by the random walk model with phase-type distributions derived in the previous section. The numerical simulations are described in detail in section V.
P in = T in T tot (16) As before, the conditional probability that the animal goes inside given that it was outside can be calculated as: P OUT −>IN = P IN , and P IN −>OUT = P OUT .
This Markov Chain is numerically evaluated by solving the linear equation system described by πP = π and the normalization equation 3 i=0 π i = 1, whereP is the transition matrix described in (12) and π is the stable state vector given by π = [π 0 , π 1 , π 2 , π 3 ]. Specifically, this linear system is solved using the iterative Gauss-Seidel method in order to find the stable state vector π . Now, the success detection probability can be found, i.e., the probability that the sensor node is active and the animal is inside the coverage area of such node. This probability is simply given by π 3 .
C. MARKOV CHAIN FOR ENERGY CONSUMPTION
A mathematical model is developed based on a transitory DTMC as shown in Fig. 16 .
As opposed to the Markov chain considered to obtain the success detection probability, this chain now is a transitory chain with initial state (E i , X , Y ) and absorbent state (E 0 , X , Y ) for X = 0, 1 and Y = 0, 1. Indeed, we consider that nodes have initial energy E i and the system stops its normal operation when a node has depleted its energy or the energy E 0 available of the node is not enough to change to the corresponding state. Also, we can observe that after the first transition, we have left the residual energy of the node E res which is equal to the difference between the E res of the previous state minus the energy that is consumed by that previous state named ; for instance, if we make X = 1, Y = 1 for sensor ON and animal inside of the radio coverage respectively, is equal to the energy consumed by the node when it's detecting the animal E Det , if X = 1, Y = 0, is equal to the energy consumed by the node when it's in idle state E idle and if X = 0, Y = 1 or X = 0, Y = 1, is equal to the energy consumed by the node when it's in sleep mode E sleep . Note that transition probabilities are not affected by the energy consumption since the same events occur irrespective of the energy consumed in each event (ON/OFF transitions and animal detections), except in the case where the energy is depleted where P (E 0 ,X ,Y ;E 0 ,X ,Y ) = 1. In each of these events, energy consumption is different as described above. So, to calculate the life time of the system, we propose a step time that is equal to the time interval between each walk step of the animals in the simulation and this step time will be accumulating, with each transition of the chain until the energy is depleted.
VII. NUMERICAL RESULTS
In this section, we provide some relevant numerical results derived from the Markov chain developed above and considering the virtual traces obtained from the phase-type distributions and the single sensor model proposed in this work. The main performance parameter for the animal tracking system is the probability that the animal is successfully detected by the WSN. As such, we provide results for this parameter for different observation areas and coverage area of each sensor node. Hence, this paper provides clear guidelines for the selection of the coverage area of the nodes in order to have a target success probability.
To this end, we first provide simulation results comparing the single sensor approach to the multi-sensor system in terms of the probability of successful detection. For these results A obs goes from 1, 000, 000m × 1, 000, 000m to 9, 000, 000m × 9, 000, 000m and R cov is in the range of 1 Km to 15 km. Again, the animal's trajectories were obtained using the movement model based on the phase-type distributions proposed in this work. Fig. 17 show results comparing the cases of 1 sensor and 13 and 25 sensors respectively for the Long-tailed Duck. It can be seen a close match between both successful animal detection, further validating our single sensor approximation. Now we further validate the use of virtual trajectories compared to the real trajectories. To this end, we present in Figs. 18a -18c the comparison between simulation results for the success animal detection using the real and virtual trajectories with 1, 13 and 25 sensor nodes respectively for the Long-tailed Duck. Again, for all these results, a good match between the success detection probability for the real and virtual traces is found. It is important to note that as the number of sensors increases, the difference between the real and simulated results decreases. Now, we present results for the success animal detection derived from the analytical model using the Markov Chain depicted in Figure 15 . In the following results, we compared these analytical results to simulation results as shown in 19 for the respective animal. Also, we consider again A obs in the range of 1, 000, 000m × 1, 000, 000m up to 9, 000, 000m × 9, 000, 000m and R cov is in the range of 1 Km to 15 km and single sensor case. In these figures, it is clear that as the coverage radio for the nodes increases, the probability of successful detection also increases, since it is more likely that the animal is found inside the detection range of any node in the system. However, in general, this parameter highly depends on the model and specific hardware of the sensor placed in the observation area. This value also depends on the type of sensor used, namely radio-frequency, video, sound, temperature, movement among others. As such, the network administrator has no much control on this parameter. On the other hand the observation area is typically the area where animals in wildlife, as in polar regions, can freely move. As this area increases, the detection probability decreases since there are more unmonitored areas. As such, knowing these parameters, the monitoring team can have a very specific value for the success detection probability. For instance, consider a network where sensor nodes are placed to monitor the Long-tailed Ducks and they can detect the animal in the range of 5, 000 meters. Also consider the case where the observation area is 1, 000, 000 × 1, 000, 000 squared meters. Then, the successful detection probability is 0.01; but if the range is now change to 10, 000 meters,then the successful detection probability increase up to 0.1. As such, the monitoring team can decide if the system entails an adequate performance or if adjustments are required.
Furthermore, we have added these confidence intervals in Fig. 20 only for A obs = 6, 000, 000m × 6, 000, 000m. The value of the interval is about ±1%. For the rest of figures we have omitted these intervals for clarity purposes, since adding such intervals convey highly cluttered figures; for instance, we show at Fig.21 , that the average P suc,sim , of one hundred runs for the Long-tailed Duck, is more stable and is more approximate to the P suc of the real trajectories.
Then, we calculate the success detection probability for a constant observation area of 5, 000, 000m × 5, 000, 000m, with a coverage radio of 1Km to 15Km and with varying the number of nodes from N = 1 to N = 25. From the results presented in Fig. 22 , for the Long-tailed Duck, by increasing the number of nodes, the success detection probability slightly increases, while the impact of increasing the coverage area of the sensors, is more important to increase this detection probability. Consider the case where R cov = 5Km and N = 8 the P suc is equal to 0.01758, and if N = 25 the P suc is now 0.05101. However, if R cov is increased to 10 Km, for N = 8 and N = 25, the detection probability is now 0.050 and 0.2259 respectively.
Finally, it is depicted the system's performance in terms of energy consumption in Fig. 23 for five hundred trajectories but, for practical purposes, only seven trajectories are shown and the average energy consumption is depicted in Fig. 24 . With this, it can be seen the system's lifetime computed from both, model and simulation, are very similar. As such, the system administrator can determine the approximate moment when the node depletes its energy and the battery has to be changed. Furthermore, it is possible to change the node's battery before its energy is depleted in such a way as to avoid information loss as observed.
VIII. CONCLUSION
In this paper the remote monitoring of the Long-tailed Ducks which is an Artic species and in recent years is considered an endangered species, was proposed by means of a WSN with fixed sensors placed in large areas and in polar regions, that turn ON and OFF in order to reduce energy consumption and effectively detect the animal. A mathematical model was established to calculate the success detection probability, P suc , based on a Discrete Time Markov Chain developed and numerically solved. To this end, we proposed two main approximations to make the model tractable: First, a random walk based model is derived considering phase-type distributions that closely match the real animal's trajectories. This approximation allows the use of Markovian models in future research works in the area. Second, a single sensor approach is used in order to consider only the activity of one node instead of all nodes in the system. This single sensor approximation, also allows the model to easily scale with the number of nodes. This approximation also closely matches results from the complete network perspective. These approximations were validated by comparing to extensive simulation results. It is important to note that the single sensor approximation provides very accurate results.
The analysis and results of this work can be directly used to finely choose the system parameters in order to achieve a desired detection probability. Specifically, the model allows to find the proportion of time that the animal is inside the coverage area of any sensor in the network and the sensor is actively sensing considering the different movement characteristics of the monitored animal (movement model) and for a given observation area (area where the animal are able to freely move). As such, the network administrator can know beforehand the performance of the system and select the appropriate number of nodes required to achieve a target success probability or for a system implemented to improve its performance.
For the energy consumption analysis, we can stablish that the mathematical model have good approximations results in terms of life time of the WSN and energy consumption compare them with the simulation, but only in the P in interval of interest. Besides, this results can serve to the administrator system to decide approximately when he musts change the batteries of the WSN before it drains all of its energy.
As a future research work, it is planned to develop a system capable to collect data through UAV devices by designing an appropriate fly trajectory. This model is proposed to consider the performance of the WSN derived in this work in order to improve the performance of the animal monitoring system and reduce energy consumption and implementation costs.
APPENDIX GOODNESS OF FIT TESTS
In this Appendix, we briefly describe the goodness of fit tests used to verify the accuracy of the proposed phase-type distributions for the movement of the animals considered in this work, namely, Chi-Square and Kolmogorov-Smirnov.
A. CHI-SQUARE
The χ 2 value is calculated for each RV with Equation (17) and the resulting value is compared with a value χ 2 table obtained from the table in [31] ; the level of significance or the probability of long values of the χ 2 we take it from 5% (0.05) and the degrees of freedom (df ) were calculated with df = K −s−1, where K is the number of bins of the histograms of each RV and s the number of parameters of the respective PDF: for Erlang s = 2, for hyperexponential s = 3 and for negative exponential s = 2.
Finally, it is established that if χ 2 < χ 2 table , it is concluded that the observed distribution follows approximately the distribution in hypothesis, proposed according to its CoV.
B. KOLMOGOROV-SMIRNOV
Now that it is known that T fix , T mov and A tray follow a hypothetical cumulative distribution function (CDF) respectively, according to their CoV, the observed CDF of the RVs is obtained and the absolute maximum distance (D max ) between the hypothetical and observed CDFs is calculated by Equation (18) . F(x) is the cumulative of the hypothesis distribution and F n (x) is that of the observed where n is the number of samples of each RV. Finally, D max is compared with a D table parameter chosen from the table in [35] and if D max < D table , the hypothesis is fulfilled, that is, that there are enough samples to conclude that the RV follows the hypothetical distribution.
